Abstract. In this paper, we propose an approach for multi-region segmentation based on a topological graph prior within a multi-level set (MLS) formulation. We consider topological graph prior information to evolve the contour based on a topological relationship presented via a graph relation. This novel method is capable of segmenting adjacent objects with very close gray level that would be difficult to segment correctly using standard methods. We describe our algorithm and show the graph prior technique to explain how it gives precise multi-region segmentation. We validate our algorithm with numerous abdominal and brain image databases and compare it to other multi-region segmentation methods to demonstrate its accuracy and computational efficiency.
Introduction
Medical imaging of internal organs of the human body is important to improve medical diagnosis and therapy. Multi-region image segmentation is a major task in medical imaging. Due to poor resolution and weak contrast this task is difficult in the presence of noise and artifacts [1] . Many existing methods for segmentation are based on image intensity information, shape properties or shape priors [1] , [2] , [3] , [4] .
M. Suzuki et al. [5] propose abdominal multi-organ segmentation with analyses of missing organs using statistical location model. A. Shimizua et al. [6] propose simultaneous extraction of multiple organs from abdominal CT using abdominal cavity standardization process with feature database and atlas guided segmentation incorporating parameter estimation for organ segmentation. M. G. Linguraru et al. [7] propose multi-region segmentation using graph cut method for four abdominal organ segmentation. T. Kohlberger et al. [8] propose multiorgan segmentation from CT medical images using learning-based segmentation and shape representation. Okada et al. [9] propose multi-organ segmentation based on hierarchical spatial modeling of organ interrelations using atlas information. P. L. Bazin et al. [10] propose multi-region segmentation algorithm of brain image using topological and statistical atlases of brain as prior to the segmentation framework. Compared to the existing works, our proposed topological prior is much more high level but still gives accurate results with less computational time and does not need training data required for statistical methods.
The contribution of our approach is multi-region segmentation using a multilevel set method with graph prior by representing the objects relation in the image as topological graph: therefore, we determine the location and the area of each region as well as the topological correlation and discrimination between different regions in the image. The graph prior is embedded in the multi-level set energy equation and acts as an additional prior term to identify both the overlapped regions and weak boundaries between adjacent regions in the image as shown in Fig. 1 . The graph priors allow us to handle the huge variability of medical image data in more abstract fashion. Consequently, our algorithm is less sensitive to noise and gives accurate segmentation of ambiguous regions depending on the topological correlation of different regions in the image.
The rest of the paper is organized is as follows: Section 2 contains the explanation of the graph representation and how this prior integrated in the energy functional. In Section 3 we discuss the experimental results. Finally we conclude and summarize our work in Section 4. 
Method
In this section we will explain our proposed method for multi-region segmentation based on a multi-level set formulation with a topological graph prior.
Graph Prior
Human body organs have specific topological correlations between them and according to these correlations the exact location and boundary of these organs can be determined. If we consider the image B as sets of clusters (segments) B = ζ i , ζ i+1 , ..., ζ N depending on the dissimilarity between them and χ ζi is the membership function of each cluster. These clusters are connected with each other by a specific topological relationship then the topological graph of these clusters can give information like the area, the location and the topological relationship of each cluster in the image. The topological graph is constructed from the test image firstly to provide the prior knowledge to the system. Figure 2 explains the representation of the anatomical structures in the image as topological graph. The clusters in the topological graph of the image B are determined using Otsu's method [11] and these clusters are labeled according to their topological relationship. Let ζ
• be the interior of the cluster, ζ c be the exterior of the cluster and ∂ζ be the boundary of the cluster. The topological relationship between the clusters is calculated in terms of probability of intersections of these clusters [12] , [16] as follows: 
where RL is region relationship, RL dis , RL con and RL in are disjoint, contact and inside region relationship respectively. b(x, y) are pixels in the image B. x and y represent the location of the pixel b in the image B. The topological region relationship T RL of the clusters are represented by 9-intersection model in 3×3 matrix:
Each element in Eq. 5 represents specific topological relationship. For example, if a 11 = 0, a 12 = 0, a 21 = 0 and a 22 = 0, which means that all pixels in cluster ζ i are not in ζ i+1 , then these regions must be disjoint regions. If a 21 = 1, which means that the pixels in ∂ζ i are in ζ i+1 , then ζ i is inside ζ i+1 . If a 11 = 0 and a 22 = 1, which mean that the pixels in ∂ζ i are in ∂ζ i+1 , then these two regions are contact in their boundaries. If and only if a 12 = 1, then this region has an internal cavity and it handles another region. Table 1 summarizes how each element of the matrix in Eq. 5 determines the relationship between the clusters by checking the primary conditions and the secondary conditions. The primary conditions are the main conditions to determine the topological relationship between the regions. Table 2 shows T RL of each region in the image of Fig. 2 . The connected components represent the total relationship of each region. The number of cavities in each region indicates how many regions are inside it or how many regions are held by it. For example, in case of region E in Fig. 2 , it has three relationships (three connected components)
show that E is in contact with D and F while T RL 3 (E, C) shows that E is inside C according to Eq. 5.
where T RL total is the total topological relationship. In Eq. 7, a 22 = 2 indicates that the region E is contact with two regions in its boundary. The topological Table 1 . Topological properties of different regions of the image according to Eq. 5 
T RL(ζi, ζi+1) Primary conditions Secondary conditions

Contact regions
similarity T s between each cluster in the topological graph and the corresponding region in the image during evolution is for updating the labels of pixels of each region in the image at each t during evolution process, i.e. it is applied iteratively during curve evolution to update the label of each pixel in an image. T s is determined by subtraction
during evolution process:
where R i are the regions inside the curves − → γ i during evolution process. The area and the centroid of each contour are calculated at each t during evolution process and compared with the area and the centroid of corresponding cluster in the topological graph:
where A i are the areas, C xi and C yi are the coordinates of centroid, x e and y e are coordinates of the centroid of the differential element of area dA. The prior information is added to the functional energy as topological graph prior term:
T opological graph prior term (10) E g is the energy of the topological graph. α is constant (α = 1 or0) to run the algorithm with or without topological graph prior. A ζi , C ζi are the area and centroid of the clusters in topological graph and A Ri ,C Ri are the area and the centroid of the regions in the image B during the evolution process respectively.
Multi-level Set Method
For image B consists of N regions, each region is represented as R− → γ i (t) = {b ∈ R| − → γ i (b, t)>0}, i = 1, ..., N . During curve evolution, for each region R i we assume its complement R
see [13] , [14] . The total Euler-Lagrange energy functional can be written as follows:
where the first two terms are the data terms of the region R i and R c i which are fully explained in [13] , [14] , the third term is the regularization term and the fourth term is our proposed prior term. ω i are the data in R i and ψ i are the data in R c i , for more details see [13] , [14] . λ is positive real constant to weight the relative contribution of the energy equation.
Curve Evolution
To minimize Eq.11 by curve evolution we compute:
are the derivative of functional energy with respect to − → γ i and they are computed as for the standard region computation functional in [15] . Using the result in [15] , we get the following evolution equation of the curves − → γ i : 
If b is a point of contact between two curves ( − → γ i , − → γ j ), then the curve will be constrained by the curvature term as follows: If the curvatures are positive (k i (b) ≥ 0, k j (b) ≥ 0) this indicates that these curves are retract and not intersect. If (k i (b) ≤ 0, k j (b) ≥ 0) this indicates that these two curves will be in the same direction but because |k i (b) ≤ k j (b)|, the curve − → γ j retracts faster than − → γ i and the curves will not intersect. The algorithm of the topological graph prior is describe in Alg. 1. The graph constraint makes the partitioning more precise during evolution process by adding addition constrain information (T s (b), area, centroid).
Algorithm 1. Algorithm for computing topological graph prior
Given an image B, consists of N regions. 1. Compute the error of A and C between − → γ R i and ζi during evolution process:
-During curve evolution at each t.
while
end while
Compute the similarity of the topological relationship Ts: -During curve evolution (at each t) for each pixel b(x, y) ∈ B.
-At time = t:
Experiments and Discussion
In order to explore the advantages and shortcoming of our algorithm with respect to different state-of-the-art multi-region segmentation methods, we conducted experiments on diverse medical images. We used in our experiments the MedPix [17] , Wesky E Snyder [18] , brain web for simulated brain database [19] and other medical images from the internet. All images in the database are 2D MRI images and CT images. The sizes of the images are 150×150 and 512×512 for abdominal sections of MRI images and CT images and 181×217 and 512×512 for brain sections of MRI images and CT images.
All experiments are conducted in MATLAB using a 2.0 GHz Intel core I3 CPU. Figure 3 shows multi-region segmentation for abdominal and brain MRI images with and without graph prior. The ground truth is obtained by manual segmentation. Figure 3 shows the improvements of our algorithm to capture the overlapped and close gray level regions according to its topological location in the image. The abdominal image in Fig. 3 shows the improvements of our algorithm mainly in the segmentation of aorta, liver and diaphragm. The brain images show the segmentation of the cerebellum, brainstem, white matter and gray matters. In Fig. 3 , the segmented regions in the proposed algorithm are labeled by colors according to their topological relationship. The result of the algorithms proposed by [13] and [14] are labeled manually to visualize the differences. Our algorithm resists to noise and gives precise results with less number of iterations and computation time as shown in Table 3 . The accuracy of the proposed algorithm depends on the accuracy of the precise extraction of each cluster in the topological graph, i.e. T s , A and C should be computed precisely for each cluster in the topological graph. Our algorithm can be extended to use other features of the clusters to compare them with the regions belong the contours during the evolution process. Dice similarity coefficients (DSC) [20] are computed between the ground truth segmentation and our algorithm as well as the other algorithms to validate the accuracy of our results. Dice coefficient measures the similarity between the manual segmented image and the tested image using: [2] 61.82% 61.6% 62.78% Level set fuzzy based [4] 40.87% 40.1% 42.63% Table 4 . Overall segmentation accuracy of all images in database [17] , [18] , [19] [4] 41.2% 300 3.2 min proposed algorithm with graph prior and (e, f) without graph prior. An example images from database [17] , [18] , [19] .
P (B gt −B t ) is the number of overlapping pixels and P (B gt )+P (B t ) is the sum of the number of pixels in each image. A large DSC indicates higher accuracy. Table 3 shows the accuracy, for six region segmentation, over 130 brain and 43 abdominal images of the database [17] , 8 abdominal and 6 brain images of the database [18] and more than 800 brain images of the database [19] . Table 4 shows the overall accuracy of our algorithm and other algorithms without presence of noise. Fig. 4 shows the effect of noise on the overall accuracy using the databases [17] , [18] , [19] and it can be seen the improvement of our algorithm, compared to other methods.
Additional Result
To verify our approach comparing with the approaches in [13] and [14] , we conducted experiments on diverse images that consist two objects with the same (a) DSC versus noise for 3 regions segmentation (b) DSC versus noise for 6 regions segmentation Fig. 4 . Effect of gaussian noise on segmentation performance of database [17] , [18] , [19] gray level to highlight on the advantages of the proposed approach to segment objects having same gray level whether these are Contiguous objects or not. Figure 5 shows the result of the proposed approach (with topological graph prior) comparing with approaches proposed by [13] and [14] (without topological graph prior) using images consist of two regions from database [21] . The first row of Fig. 5 shows the original images and the second row shows the ground truth which are obtained by [21] . The third row shows the final position of the evolving curves for the original images and the fourth row shows the final segmentation of the proposed approach, which are very close to the ground truth. The fifth row shows final position of the evolving curves for the original images and the sixth row shows the final segmentation of [13] and [14] . Our algorithm needs 2 minutes to process the 200×170 images and the regularization parameter λ was set to 0.2, while the approaches [13] and [14] needs 2.5 minutes to process these images with same regulation parameters. From the result we can see the advantages of our approach to segment the objects regardless to their gray level with less computing time.
Conclusion and Future Work
We propose to use a topological graph prior in a multi-level set formulation for multi-region segmentation and partitioning. As a high level prior, it gives accurate region partitioning with respect to their topological location and relationship. Several experiments using both medical images and general images demonstrate the advantages of our method. The accuracy of our approach depends on the accuracy of the extraction of the topological graph prior information. As future work, we will focus on improving the extraction of topological graph prior information. The topological graph information will be affected in the presence of strong noise. This limitation can be solved using non-rigid registration of an atlas information to the topological graph. Our approach could be extended using other feature of the topological graph to increase the accuracy of the result. th rows show the result of the proposed approach (with the topological graph prior), and 5 th and 6 th rows show the result of [13] and [14] (without the topological graph prior). An example images from database [21] . The size of the images is 200×170, after 100 iterations
